We use a dynamic hierarchical factor model to identify the national, regional, and local factors of the city-level housing price growth in China from 2005 to 2015. During the zero-lower-bound (ZLB) episode in the U.S., local factors account for 78% of variations in the month-on-month city-level housing price growth. However, as the time horizon gets longer and longer, the national factor gets a larger and larger variance share. When the horizon is extended to half a year, the variance share of the national factor reaches 51%. This indicates that the city-level housing price growth in China is more of a national wide phenomenon in recent years. We then use a VAR model to investigate the driving forces of the national factor and find that monetary policy and hot money shocks can affect the national housing price growth significantly. A positive monetary policy shock has a significant negative impact on the national factor, which lasts for more than two years. A positive hot money shock does cause a significant increase in the national factor. However, this effect is transitory and gets reversed in half a year. Our analysis indicates that the reversed effect of hot money shocks and the negative impact of positive price shocks on the national factor result from the tightening of monetary policy triggered by these shocks.
Introduction
Since the new millennium, housing prices in China have increased dramatically. For example, the average real housing price in Beijing increased by more than 5 times from June 2005 to March 2014. In certain areas, such as areas with good school districts, the prices have increased even more. Figure 1 illustrates the real housing prices from June 2005 to April 2015 in the four so-called "first-tier" cities in China-Beijing, Shanghai, Guangzhou, and Shenzhen. This rapid rise of housing prices was not specific for big cities but was a national wide phenomenon instead. Figure 2 reports the ratio of the highest to the lowest housing prices during the sample period (2005M6-2015M4) for each city in our data set.
The national wide rise in housing prices has drawn enormous attention of the public and policy makers. In recent years, to avoid severe real estate bubbles and maintain social and financial stability, the Chinese government took many measures at various times to cool down the overheated housing markets in the first-and second-tier cities, such as raising the minimum down payment ratio (i.e., lowering the loan-to-value (LTV) limits), levying taxes on capital gains from housing sales, increasing the interest rates on mortgages, imposing house purchase restrictions, and so on. 1 Needless to say, it is very important to examine the impacts of various shocks on the housing prices, including shocks to monetary policy, hot money flows, consumer prices, industrial production, and capital markets. However, possibly due to the less than desirable availability and quality of data on China, there has not been a rich literature on this important issue. The goal of this study is to quantify the contributions of these forces in the growth of housing prices across major Chinese cities, and to understand their interplay in Chinese economy.
As far as we know, the most similar research to ours is Del Negro and Otrok (2007), which uses a two-level dynamic factor model and focuses on investigating the impact of U.S.
monetary policy shocks on the common factor of U.S. housing prices. The house prices in al. (2016) focus on the housing boom and housing bubble issue in China. Tan and Chen (2013) study whether China's central bank, the People's Bank of China (PBoC), responds to house price shocks, and their findings roughly match our results. Koivu (2012) finds that a loosening of China's monetary policy does lead to higher asset prices, which is also consistent with our results here.
Our study differs from previous ones in several ways, from data set to methodology.
First, we use the data from the CNFS Real Estate Database instead of those released by the National Bureau of Statistics (NBS) of China. By simply checking the housing price increases in the first-tier cities, one can readily conclude that the data that we use are of better quality. Second, we employ the dynamic hierarchical factor model proposed by Moench, Ng, and Potter (2013) to disentangle the national factor and regional factor of housing prices. This new approach effectively filters out the noise contained in the data and extracts easy-to-interpret factors. Third, instead of going to details of each city's housing prices, we take a macro perspective and investigate the driving forces of the national factor.
We summarize our findings as follows. First, when we look into the month-on-month citylevel housing price growth, local factors are the most important, which is not surprising since the housing price in each city relates to the local economic development and characteristics.
For the ZLB period in the U.S., the variance share of local factors reaches 78%. However, when we extend the time horizon from one month to half a year, the national factor has become the most important, and its variance share reaches 51%. As we are examining the demeaned city-level housing price growth series, this result indicates that the city-level housing price growth in China is more of a national wide phenomenon in recent years, and is quite opposite to the main findings in Del Negro and Otrok (2007) for the U.S. housing market. Second, shocks in monetary policy and hot money flows have significant impacts on the national factor of housing price growth. More specifically, a positive monetary policy shock has a significant negative impact on the national factor, which lasts for more than two years. A positive hot money shock does cause a significant increase in the national factor, but this effect is transitory and reverses in half a year. Positive price shocks also significantly lower the national factor. The reversed effect of hot money shocks and the negative impact of positive price shocks on the national factor result from the monetary tightening induced by these shocks. Our last finding is also consistent with that of Ho et al. (2018) , who investigate the spillover effect of the U.S. monetary policy and find that hot money can be the valid channel through which U.S. monetary policy could affect Chinese real estate market.
The rest of the paper is organized as follows. Section 2 introduces the dynamic hierarchical factor model. Section 3 describes the data that we use. Section 4 presents the results from the factor model and VAR analysis. Section 5 concludes.
The Dynamic Hierarchical Factor Model
We adopt a dynamic hierarchical factor model proposed by Moench, Ng, and Potter (2013) to estimate the factors of different levels that contribute to city-level housing price growth fluctuations. Based on the geographic locations and administrative divisions, we build a four-level dynamic factor model to capture the comovement of housing price growth of major Chinese cities at different levels.
Suppose we have N series of city-level monthly housing price growth rates, each with T time series observations. These series are assumed to be stationary, and are standardized to have zero mean and unit variance. The N cities are grouped into B different blocks;
each block corresponds to a geographic region of China which usually consists of several provinces. Let N b denote the number of cities in the bth block. We further divide each block into S b sub-blocks, each of which corresponds to a provincial level administrative division of China (i.e., a province, autonomous region, or direct-controlled municipality). At time t, the house price growth of city n in a given sub-block s of block b is affected by variations of four different levels: national (common), regional (block-specific), provincial (sub-block-specific), and municipal (idiosyncratic). The four-level dynamic factor model is then specified as follows:
In the above equations, Z regional, and national factors, respectively. Equation (4) is replicated as Equation (7), and more explanation about it can be found there.
From Equations (1)- (4), we see that series in a given province are correlated through the national factor F t , regional variations e G b t and provincial variations e H bs t . Provinces in a given region are correlated through the national factor F t and regional variations e G b t . Regions are correlated only through the national factor F t . The four-level model captures variations between and within regions or provinces. We call Equation (1), (2) , and (3) the equation of the first, second, and third level, respectively. The auto-regressive process for F t (Equation [4] ) is the fourth level. Based on the aforementioned definition of levels, some provincial level administrative divisions contain only one city, and the four-level structure actually collapses to a three-level one. In these situations, the three-level dynamics are specified as follows:
where X bn t represents the monthly housing price growth of city n in region b (without the provincial level) at time t, Λ bn G is the distributed lag of loadings on the regional factors. Equation (5) and (6) (which is a replicate of Equation [3] ), along with Equation (4), constitute a three-level model.
The national factor, and the error terms in the regional, provincial, and municipal level equations are assumed to follow auto-regressive process of lag
, q X bn , and q Z bsn , respectively. Namely, for b = 1, ..., B,
where all the -terms are assumed to be mutually independent, φ • (L) are polynomials in the lag operator L, and the lag orders may vary across regions, provinces and cities.
The estimation method follows Moench, Ng, and Potter (2013). Namely, an improved Markov Chain Monte Carlo (MCMC) algorithm is employed to sample a Markov chain whose stationary distribution gives the posterior distribution of the parameters and unknown quantities. Following Moench, Ng, and Potter (2013), we assume that the factor loading matrix is constant and estimate one national factor, one regional factor per region, and one provincial factor per province. For the priors, we assume the prior distribution of factor loadings Λ and autoregressive coefficients Φ to be Gaussian with mean zero and unit variance.
The prior distribution of the variance parameters is an inverse χ 2 distribution with 4 degrees of freedom and a scale of 0.1.
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In this study, we employ the resale house price data for 70 major cities in China during a 119 month period from June 2005 to April 2015. These data are obtained from the CNFS Real Estate Database, which is a comprehensive data set for the housing market in China.
As the new-built houses are usually located in the suburban area of cities, we think the resale house price is a better index for studying the housing market in China. The house prices are deflated by the CPI for All Items Less Food. In the VAR analysis in this paper, we will also use other macroeconomic variables. All the series used in this study, except for the loan rates and stock market index, are seasonally adjusted using a modified version of the US Census Bureau's X-13ARIMA-SEATS Seasonal Adjustment Program, which accounts for the Chinese New Year effect. In the house prices data set, there are dozens of missing observations, and we estimate them using the EM algorithm introduced by Stock and Watson sions with only one city in our data set, there are only three levels. That is, the provincial and city levels collapse into one. The details of the regional division are presented in Table   1 .
Data used in VAR analysis includes a proxy variable for monetary policy, growth rates of hot money and stock market index, industrial production growth and inflation rates.
Specifically, monetary policy is proxied by one-year benchmark lending rate, which is the 
Empirical Results
To estimate the dynamic hierarchical factor model, we run the MCMC algorithm for 1,000,000 iterations and discard the first 500,000 draws as the burn-in. For the remaining 500,000 draws, we store every 50th draw. The results about the posterior distributions are based on these 10,000 draws.
The Comovement of Housing Price Growth

Analysis Based on Month-on-Month Housing Price Changes
First, we assess the relative importance of the national, regional, provincial, and idiosyncratic factors in the month-on-month housing price growth. There are five charts in Figure   3 . The top chart shows the monthly growth rates of housing prices for the 70 major cities from July 2005 to April 2015. The second chart shows the estimated national factor components of these cities' housing price growth rates which correspond to Λ bsn
in Equations (1) We also compare the relative importance of the national, regional, provincial, and id-iosyncratic components in generating the variation of the city-level housing price growth. In
Equations (1)- (4), the total unconditional variance of Z bsn is decomposed into fluctuations caused by F , e G b , e H bs and e Z bsn . Specifically,
where γ and Share L , respectively, and are measured as
and Table 2 shows the mean and standard deviation of the estimated variance shares for all regions, provinces and municipalities. The national factor accounts for 12% of the city-level housing price growth fluctuations for the 70 major cities during 2005M7-2015M4 on average.
For Beijing, Shanghai, Chongqing, and nine other big cities, the national factor accounts for more than 20% of total variations. For the Northern Coastal, Eastern Coastal, Yangtze
River, Northeastern, and Southwestern areas, the shares of the national factor are relatively high, all above 10% on average. On the other hand, provinces in the Southern coastal, Yellow
River, and Northwestern areas, such as Shanxi, Hainan, Ningxia, and Gansu, the national factor plays a much less important role, while other components (regional, provincial, or idiosyncratic) are much more influential.
Besides the full sample results reported in Table 2 , we also investigated subsample vari-ance shares for the city-level housing price growth. and some of these changes were structural. 3 As a consequence, during 2009M1 through 2015M4, the national factor played a more important role and accounted for 18% of the fluctuations in the monthly city-level housing price growth on average.
Analysis Based on Housing Price Changes in Multiple Month Periods
Now let's check the relative importance of the national, regional, and local factors in citylevel housing price growth in multiple month periods. Instead of looking into the monthly housing price growth, we can also explore the housing price growth in longer periods. Given a multiple month period, the variance shares of the national, regional factors, and local factors can be defined in a way similar to Equations (12)-(15). Figure 5 shows the variance shares of the national, regional, and local factors in citylevel housing price growth as the time horizon changes from one month to five years for the full-sample period (2005M7-2015M4). We see that the share of the national factor increases drastically from 12% for the one-month horizon to 47% for the one-year horizon.
Meanwhile, the shares of the regional and local factors decreases sharply. The share of the national factor roughly stays unchanged at around the 48% level when the horizon increases from 13 months to 2 years and a half. Then it keeps rising as horizon increases. When the horizon comes to five years, the share of the national factor reaches 56%. This fact indicates that the national factor is much more persistent than the regional and local factors, and the latter gradually cancel each other out as the time horizon increases. In the medium and long term, the national factor plays the most important role in the city-level housing price growth fluctuations, and the city-level housing price growth in China is more of a national wide phenomenon in recent years.
When we focus on the subsample period from January 2009 to April 2015, we have the same results, and the share of the national factor is even larger for all the time horizons.
The detailed variance shares for various horizons for this subsample period are depicted in Figure 6 . Similar to the month-on-month case, the city-level housing price growth became even more synchronized after the end of 2008.
Housing Price Growth Comovement and Other Macroeconomic Variables
So far, we have demonstrated a nationwide comovement of housing price growth. We The reduced form VAR is as follows
where Y t is a 6 × 1 vector, u t is the error term that follows a multinomial normal distribution with mean 0 and variance matrix Σ, A(L) is the matrix polynomial in the lag operator L, and the lag order of the VAR system is chosen to be 1 according to the Bayesian and HannanQuinn information criteria. The six variables in Y t are ordered as follows: the seasonally adjusted monthly growth of the industrial production, seasonally adjusted CPI, national factor for city-level housing price growth estimated in the aforementioned dynamic hierarchical factor model, the benchmark loan rate (as a proxy for monetary policy), seasonally adjusted hot money growth, and month-on-month growth of the SSE Composite Index. All these variables are normalized to have zero mean and unit variance. One of the main goals of this study is to investigate these variables' dynamic responses to shocks of monetary policy and hot money flows. For this end, we order these variables from the most exogenous one to the most endogenous one and from the most slow-moving one to the most fast-moving one, and the identification is achieved by assuming that variables do not respond contemporaneously to shocks to variables ordered after it. Specifically, the national factor is assumed not to respond to monetary policy shocks and hot money shocks contemporaneously. However, the influence of a positive shock to hot money inflows on the national factor reverses in the medium term, and the national factor goes negative for the following two years. This reversal pattern can be explained by the effect of the tightening of monetary policy. That is, the PBoC will implement a contractionary monetary policy in response to a positive hot money shock to offset the extra money supply. Figure 8 depicts the impulse responses of all the variables in the VAR model to a one-standard-deviation positive hot money shock. We see that the loan rate does rise significantly in response to a positive hot money shock. This confirms our previous argument that the PBoC tightens monetary policy when extra international capital flows in.
From the top middle panel of Figure 7 , we see that a positive price shock induces a significant increase in the national factor for one month, followed by sizable significant decreases for one year and a half. This result may look surprising at the first glance, as in China, real estate has been traditionally viewed as a good asset to hedge against inflation and to serve as a store of value. However, if we take central bank's reaction into account, this result will be natural. When inflation gets high, the central bank will tighten its monetary policy to stabilize prices. As a consequence, house buyers will face rising mortgage payments, which, in turn, will suppress housing price growth national wide due to the reduced demand. As the bottom right panel of Figure 7 shows, a positive shock to stock prices has moderate positive impacts on the national factor in the short term, which suggests the wealth effect of a stock market rise. That is, when people get wealthier as stock prices go up, their demand for houses will increase. Meanwhile, it may also suggest that there are not sufficient alternative investment opportunities in China when people make their portfolio choices.
In addition to the shape and significance of impulse responses, the historical decomposition provides further evidence on the quantitative importance of monetary and hot money shocks. Historical decomposition estimates the individual contribution of each structural shock to the movement of housing factor over the sample period. Figure 9 illustrates the historical decomposition for the national factor. From the large green area for the loan rate and light blue area for the inflation, we see that monetary policy plays a crucial role in gen-erating the national factor fluctuations. In general, hot money shocks contribute relatively less to the national factor fluctuations than the monetary policy, but they significantly affected the national factor in some periods. Forecast error variance decomposition is also carried out to provide additional evidence for the importance of the impacts that monetary policy and hot money shocks have on the national factor. Table 4 presents the result of decomposing the variance of the national factor forecast error into six parts at selected horizons, and each part corresponds to one type of shocks. The shocks to the national factor itself explain a large portion of the forecast error, and at the 24-to 48-month horizons, they can explain about 30% of the forecast error.
At the same horizons, monetary policy shocks and hot money shocks explain around 37%
and 10% of the error, respectively. Price shocks account for around 14% of the error, and the logic here is similar to the one mentioned in the analysis of impulse responses. That is, price shocks will result in monetary policy adjustments and hence lead to responses of the housing prices. According to the forecast error variance decomposition, monetary policy shocks, hot money shocks and price shocks are the three major sources of the fluctuations in the comovement of city-level housing price growth.
Conclusions
Using a hierarchical dynamic factor model, we identify the national, regional, and local factors that influence the city-level housing price growth across major cities in China, and evaluate their relative importance. Local factors have the biggest variance share in the fluctuations of the housing price growth in the short term. As time horizon gets longer, the variance share of the national factor gets larger and larger and gradually becomes the biggest among the three. For the ZLB period in the U.S. (2009M1-2015M4) , the variance share of local factors is 78% when the horizon is one month. When the horizon gets to half a year, the variance share of the national factor reaches 51%. This result indicates that the city-level housing price growth in China is more of a national wide phenomenon in recent years, and is quite opposite to the main findings in Del Negro and Otrok (2007) for the U.S.
housing market. By investigating the interactions between the national factor and other five macro variables between 2009M1 and 2015M4, we find that: 1) contractionary monetary policy has a large negative impact on the national factor; 2) positive hot money shocks have significant positive impacts on the national factor in the short run, which will be reversed later; 3) positive price shocks also significantly lower the national factor. The reversed effect of a hot money shock and the negative impact of a positive price shock on the national factor result from the central bank's tightening policy triggered by these shocks. Note: The table summarizes the hierarchical structure of the four-level model for city-level housing price growth. The four levels are: national level, regional level, provincial level, and city-specific level. The bottom level consists of the cities, and each city belongs to a province according to the administrative division of China. Provinces constitute the sub-block level, and they are divided into 8 economic regions based on their geographical locations and economic development, according to the State Council Development Research Center. For municipalities and provinces with only one city in the data set, there are only three levels, since the provincial level and city-specific level collapse into one level. Note: The above six panels depict the impulse responses of industrial production, CPI, national factor, loan rate, hot money, and SSE Composite Index to a positive hot money shock from 0 to 48 months. The dashed lines indicate the 68% bootstrap confidence bands, and the solid lines are the bootstrap median. The shock size equals to one standard deviation of the seasonally adjusted hot money growth. The numbers on the vertical axes are in standard deviation units of the corresponding variables. Note: The black curve is the national factor of housing price growth, which is normalized to have zero mean and unit variance. The bars of various colors represent the contributions of various types of shocks to the movement of the national factor. The numbers on the vertical axis are in standard deviation units.
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